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ABSTRACT

In TREC2006,we participaten threetasksof the TerabyteandEn-
terprisetracks.We continueexperimentsusingTerriert, our modu-
lar andscalabldnformationRetrieval (IR) platform. Furtheringour
researclinto the DivergenceFrom RandomnesgDFR) framavork
of weightingmodels we introducetwo new effective andlow-cost
modelswhich combineevidencefrom documenstructureandcap-
ture term dependencend proximity, respectiely. Additionally,
in the Terabytetrack, we improve on our query expansionmech-
anismon elds, presentedn TREC 2005, with a nev and more
re ned techniquewhich combinesevidencein alinear, ratherthan
uniform, way. We alsointroducea novel, low-costsyntactically-
basednoisereductiontechnique which we e xibly apply to both
thequeriesandtheindex. Furthermorein theNamedPageFinding
task,we presentnew techniqueor combininggquery-independent
evidence,in theform of prior probabilities.In the Enterprisetrack,
we testour new voting modelfor expert search.Our experiments
focuson the needfor candidatdengthnormalisationandon howv
retrieval performancecanbe enhancedy applyingretrieval tech-
niguesto theunderlyingrankingof documents.

1. INTRODUCTION

Theresearctscopeunderlyingour participationin TREC 2006
hasbeento extend our currentrobust weighting modelsand re-
trieval performanceenhancingechniquesjn novel waysthat are
theoretically-soundmodular low-cost,and mostimportantly ef-
fective. In termsof weighting models,we presenttwo newv Di-
vergenceFrom RandomneséDFR) models. The rst modelaims
at combiningevidencefrom documentstructure,andwe testit in
the NamedPage Finding task of the Terabytetrack. The second
modelaimsat modellingterm dependencand proximity, andwe
testit in the NamedPageFinding task of the Terabytetrack and
the ExpertSearchaskof the Enterpriserack. In termsof retrieval
performancesnhancingechniquesyve present(i) are ned query
expansionmechanisnon elds, which combinesdocument eld
evidencein alinearway, and(ii) a novel noisereductionmecha-
nismfor long queriesandtheindex, which usessyntactically-based
evidence(partsof speech)We testthesetwo techniquesn the Ad-
hoctaskof the Terabytetrack. We alsopresent new techniquefor
combiningquery-independeravidence,in the form of prior prob-
abilities. We testthis techniquan the NamedPageFindingtaskof

!Informationon Terriercanbefoundat;
http://ir.dcs.gla.ac.uk/terrier/

the Terabytetrack.

In theEnterprisdrack,we testour novel voting modelfor expert
search Firstly, we experimenton how candidatdengthnormalisa-
tion canbe usedin thevoting modelto preventcandidatesvith too
much expertiseevidencefrom gainingan unfair adwantagein the
voting model. Secondly we examinehow a selectionof state-of-
the-artretrieval techniquessuchasa eld-basedweightingmodel,
queryexpansionandterm dependencand proximity, canbe used
to enhancehe retrieval performanceof the expert searchsystem,
by enhancinghe quality of an underlyingranking of documents.
Conclusionsaredravn acrosstwo waysof associatinglocuments
with candidateso representheir expertise.

The remainderof this paperis organisedasfollows. Section2
presentshe weighting modelsusedin the Terabyteand the En-
terprisetracks. Section3 presentghe hypothesesestedandtech-
niquesappliedin the AdhocandNamedPageFinding tasksof the
Terabytetrack, with a discussiorof theresults.Section4 presents
thehypothesetestedandtechniquesippliedin the Enterprisdrack,
with a discussiorof theresults. Section5 summarisesur overall
participationin TREC 2006.

2. MODELS

Following from previousyears our researctin Terriercentresn
extendingtheDivergenca~romRandomnestamevork (DFR)[1].
In TREC2006,we have devisednovel, information-theoretievays
of combiningevidencefrom documenstructure(or elds, suchas
the title andanchortext), andin modellingterm dependencand
proximity. Both proposedmodelsare basedon the DFR frame-
work, andthey areappliedvery effectively andwith little compu-
tationaloverhead.

Theremaindenf thissectionis organisedasfollows. Section2.1
presentsxisting eld-based DFR weightingmodels. Section2.2
introducesour new eld-basedDFR weightingmodel,while Sec-
tion 2.3 present®ur new DFR model,which capturesermdepen-
denceandproximity.

2.1 Field-basedDivergenceFromRandomness
(DFR) Weighting Models

Documentstructure(or elds), suchasthetitle andthe anchor
text of incoming hyperlinks, have beenshavn to be effective in
Web IR [4]. Robertsoret al. [23] obsered that the linear com-
binationof scoreswhich hasbeenthe approachmostly usedfor
the combinationof elds, is dif cult to interpretdueto the non-
linearrelationbetweerthe scoresandthe termfrequenciesn each



of the elds. In addition,Hawking etal. [5] shavedthatthelength
normalisationthat shouldbe appliedto each eld dependson the
natureof the eld. Zaragozatal.[25] introduceda eld-basedver-

sionof BM25, calledBM25F, which applieslengthnormalisation
andweighting of the elds independently Macdonaldet al. [11]

alsointroducedNormalisation2F in the DFR framework for per

forming independenterm frequeng normalisatiorandweighting
of elds.

In thiswork, weusetwo eld-basedmodelsromtheDFRframe-
work, namelyPL2F and InL2F. Using the PL2F model, the rele-
vancescoreof adocumend for aqueryQ is givenby:
tf n

1 tt n log, — Q)
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score(d; Q) = gtw ]

t2Q
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where is the meanandvarianceof a Poissondistribution, given
by = F=N;F isthefrequeng of thequerytermt in thewhole
collection,andN is the numberof documentsn the whole col-
lection. The querytermweightqtw is givenby qtf =otf max ; qtf
is the querytermfrequeng; otf max is the maximumaqueryterm
frequeng amongthe queryterms.

For InL2F, therelevancescoreof adocumend for aqueryQ is
givenhby:

X 1 N+ 1

score(d; Q) = qtw e tf n log, hot 05
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wheren; is thenumberof documentsermt occursin.

In bothPL2F andInL2F, tf n correspondso the weightedsum
of thenormalisedermfrequenciesf  for eachusedeld f , known
asNormalisation2F [11]:

X |
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f
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wheretf ¢ is the frequenyg of termt in eld f of documentd;
It is thelengthin tokensof eld f in document, andavg_l; is
the averagelengthof the eld acrossall documentsg; is a hyper
parametefor eacheld, whichcontrolsthetermfrequeng normal-
isation;theimportanceof thetermoccurringin eld f is controlled
by theweightws .

NotethattheclassicaDFR weightingmodelsPL2 andInL2 can
begeneratedby usingNormalisation? insteadof Normalisatiori2F
for tf n in Equationq1) & (2) above. Normalisatior? is givenby:

avg.l
|

wheretf is the frequenyg of termt in the documentd; | is the
lengthof the documenin tokens,andavg_l is the averagelength
of all documentscg is a hyperparametethatcontrolsthe normali-
sationappliedto the term frequeng with respecto the document
length.

Notethat,following [23], we have alsodeviseda simpli ed vari-
antof Normalisatior2F, which normalisegshe sumof theweighted
term frequenciedrom different elds, insteadof normalisingthe
termfrequencieon a per eld basis. Indeed,this simpli ed vari-
antof Normalisation2F allows usto reducetrainingtime, because
it haslesshyperparameterso train. Thesimpli ed Normalisation
2F, whichwe denoteasNormalisation2FS,is givenasfollows:

ttn=1tf log,(1+ c

)(c> 0) 4)
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Normalisatior2Fin Equation(3) hasahyperparametec; for each
indexed documenteld. Unlike Normalisation2F, Normalisation
2FShasonly a single hyperparameterc for all the indexed doc-
ument elds. Therefore,we canbene t from having lesshyper

parametergo train. In our previous experimentsfor Adhoc re-

trieval, wefoundnosigni cant differencebetweertheretrieval per

formanceobtainedusing PL2F and PL2FS.For example,for the
TREC-9Web Adhoc task, usingtitle-only queries,the optimised
meanaverageprecision(MAP) of PL2FandPL2FSis 0.2071and
0.2062,respectrely. The p-valueis 0.07858usingthe Wilcoxon

matched-pairsigned-rankgest, which indicatesan insigni cant

differenceat 5% con dencelevel.

2.2 Multinomial DivergenceFrom Random-
ness(DFR) Weighting Model

In TREC 2006, we re-irvestigatethe useof documentstructure
(or elds) in the DFR framework. In both BM25F andthe DFR
modelsthatemplo/ Normalisation2F (e.g. PL2F, InL2F), it is as-
sumedthatthe occurrence®f termsin the elds follow the same
distribution, becauseghe combinationof elds takesplacein the
documentength normalisationcomponentand not in the proba-
bilistic model[18].

In TREC 2006,we take a differentapproachby consideringhat
theterm occurrenceén the elds of documentdollow a multino-
mial distribution. In this way, the combinationof the term occur
rencesfrom the different elds is modelledin a probabilisticway,
andis not partof thedocumentengthnormalisation.

We introducea nev DFR weighting model, which emplgs a
multinomialrandomnesmodel,asfollows. Theweightof atermin
adocument(score(d;t)) is equalto theproductof theinformation
contentof two probabilities. Therefore,the relevancescoreof a
documend for aqueryQ is computedasfollows:

X
score(d;Q) = gtw score(d;t)
th
= aw( log,(P1)) (1 P2)  (6)
t2Q

P1 correspondso the probability thatthereis a given numberof

termoccurrenced the elds of adocumentP; correspondso the
probabilityof having onemoreoccurrencef atermin adocument,
afterhaving seenit agivennumberof times. The probability P; is

computediusinga multinomialrandomnessnodel:

P, = F
! ttng, ttny ::: tfne tfnO
pyne pyne e pn’ @

TheprobabilityP; is computedisingtheLaplaceaftereffectmodel.

tf n
p= b @)
1+ ftf N¢

In the above equationsk is the numberof elds, tf n¢ is thenor
malisedfrequeny of atermin the eld f , whichis givenby apply-
ing Normalisatior from Equation{) tothat eld. F andN areas
de nedin Section2.1.tf n°= F ¢ tf n¢; pr istheprior prob-
ability of having a term occurrencenghe eld f of a document,
anditisequaltopr = A-;p°= 1 cpro= N

The nal scoreof adocumentd for a queryQ is computedas

follows:
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Wereferto themultinomial DFRmodeldescribedn Equation(9)
asML2. In the above equation,the logarithm of the factorialis
computedusingthe Lanzcosapproximatiornof the  function[21,
p. 213]. The Lanzcosapproximatioris preferredover the Stirling
approximatiorbecausdt resultsin lower error[18].

+ log, (tf n%)

2.3 Term Dependencen the DivergenceFrom
RandomnesgDFR) Framework

We believe thattakinginto accounthe dependencandproxim-
ity of querytermsin documentganincreaseetrieval effectiveness.
To thisend,we extendthe DFR framevork with modelsfor captur
ing the dependencef querytermsin documents.Following [2],
the modelsare basedon the occurrence®f pairsof queryterms
that appearwithin a given numberof termsof eachotherin the
documentTheintroducedweightingmodelsassignscorego pairs
of queryterms,in additionto thesinglequeryterms.

Thescoreof adocument for aqueryQ is givenasfollows:

X
score(d; Q) = gtw score(d;t) +
t2Q pP2Q2

score(d;p) (10)

wherescore(d;t) is the scoreassignedo a querytermt in the
document; p correspondso a pair of queryterms;Q: is the set
that containsall the posgiblecombinationsf two queryterms. In

Equation(10), thescore ,,, gtw score(d;t) canbeestimated
by ary DFR weightingmodel,with or without elds. Theweight
score(d; p) of a pair of querytermsin adocumenis computedas
follows:

score(d;p) =  10g,(Pp1) (1 Pp2) (11)

whereP,; correspondso theprobabilitythatthereis adocumentn

which a pair of querytermsp occursa givennumberof times.Pp1

canbecomputedvith any randomnesmodelfrom theDFR frame-
work, suchasthe Poissorapproximatiorto the Binomial distribu-
tion. Pp2 correspondso the probability of seeingthe queryterm
pair oncemore, after having seenit a given numberof times. Pp»

canbe computedusingary of the aftereffect modelsin the DFR
framevork. The differencebetweenscore(d; p) and score(d;t)

is thatthe former dependn countsof occurrencesf the pair of
querytermsp, while thelatterdepend®n countsof occurrencesf
thequerytermt.

For example,applyingtermdependencandproximity with the
weightingmodellnL2 (seeEquationg2) and(4)), resultsin anewv
versionof InL2, which we denoteby pInL2, wherethe pre x p
standdgfor proximity. pInL2 estimatescore(d; p) asfollows:

N+ 1

score(d; p) = m

tf np log, (12)

tfnp+ 1
wheren, correspondgo the numberof documentsn which the
pair of querytermsp appeamwithin dist termsof eachother tf np
is the normalisedrequeny of a queryterm pair p in documend,
which canbe obtainedfrom applyingNormalisation2 from Equa-
tion (4).

A differentrandomnessodel,which doesnot considerthe col-
lectionfrequeng of pairsof queryterms,is basedon the binomial

randomnesmodel,andcomputeghescoreof apairof queryterms
in adocumentsfollows:

score(d;p)=tfnp;+l log, (I 1)!+ log, tf np!
+ log,(I 1 tfnp)!
tf » 10g, (Pp) (13)
(I 1 tfnp)log,(p)

wherep, = 5 andpy = 1 p,. Wereferto this binomial DFR

modeldescribedn Equation(13) aspBiL2.

3. TERABYTE TRACK

In the TREC 2006 TerabyteTrack, we participatein the Adhoc
andNamedPageFindingtasks.

Weindex the.GOV22 collectionusingTerrier[16], in sevenparts
(eachpart having an averagesize of 3.6 million documents).To
supportour investigatiorinto theuseof documenteld evidencein
retrieval, eachof the sevenpartsconsistof threeinverted les, one
for eachof the following documentelds: body title, andanchor
text. Standardstopwords areremoved from eachindex. We ap-
ply Portersfull stemmingfor our AdhocexperimentsandPorters
weak stemmingfor our NamedPage Finding experiments. Our
choiceof stemmingis justi ed by the obserationthatweakstem-
ming, beinglessaggressie thanfull stemming,s bettersuitedfor
high-precisiortasks,suchasNamedPageFinding.

Following our experimentsin the TREC 2005 Terabytetrack
[10], we usea distributedversionof Terrierto reduceup retrieval
time. In TREC 2006,we useonebroker, andseven queryseners,
eachservingoneindex part. Moreover, a globallexiconis created
in orderto speedup theretrieval processparticularlyfor queryex-
pansion.

In the Adhoctask,we adopta dualapproachthatgenerallyaims
to boostqueryinformativenesson one hand,andreducenoiseon
the otherhand. We boostqueryinformativenessdy incorporating
differentcombinationsof documenteld evidenceinto our query
expansionmechanismWe reducenoiseusing part-of-speeclevi-
dence.Speci cally, we investigatehefollowing hypotheses:

H1 Forthequeryexpansiormechanisnon elds, thelinearcom-
binationof elds canprovide a betterretrieval performance,
thanthe uniform combinationof elds (Section3.1.1).

H2 In a collectionof documentsjow frequeng part-of-speech
n-gramscorrespondo noisy sequencesf words, which if
removed,canenhanceetrieval performanceéSection3.1.2).

In the NamedPageFinding task, we investigatea new way of
modellingtermoccurrencen documentelds, anda novel theore-
tically-foundedapproacHor combiningmultiple sourcesf query
independenévidence.More speci cally, we testthefollowing hy-
potheses:

H3 Modelling the distribution of term occurrencen document
elds asa multinomial distribution is a theoretically-sound
androbustapproachyhich performsat leastcomparablyto
other eld-basedweightingmodels(Section2.2).

H4 Modelling the dependencand proximity of querytermsin
documentzanenhanceetrieval effectivenesgSection2.3).

2Informationon .GOV2 canbefoundfrom
http://ir.dcs.gla.ac.uk/testollections/ge2-summanhtm



H5 Using the conditional combinationof multiple sourcesof
queryindependentvidence,in the form of prior probabil-
ities, can improve retrieval performanceover using either
sourceof evidencealone(Section3.2.1).

Theremainderf Section3 is organisedasfollows. Section3.1
presentshelinearcombinationof elds for queryexpansion(Sec-
tion 3.1.1),andsyntactically-basedoisereduction(Section3.1.2).
Section3.1.3present®ur Adhocexperiments Section3.2presents
our participationin the TREC2006NamedPageFindingtask,with
an introduction of the techniquegtestedin Section3.2.1, and a
discussionof the experimentsin Section3.2.2. Section3.3 sum-
marisesour participationin the TREC 2006 TerabyteTrack, with
conclusionsaindlessondearnt.

3.1 Adhoc Task

In TREC 2006 we extendour Terrierretrieval platformandim-
plementtwo retrieval performancesnhancingechniquesnamely
(i) query expansion,which combinesdocumentelds in a linear
way, and(ii) syntactically-basedoisereductionwhichis applied
to long queriesandthe index. We experimentwith short (Title),
andlong (Title + Description+ Narrative) queries,andreporton
ourresults.

3.1.1 QueryExpansioron Documentields

Continuingour experimentatiorin the TREC2005TerabyteAd-
hoc task, we aim to further improve our query expansionmech-
anismon documentelds, by appropriatelycombining eld evi-
denceavailablein corpora(hypothesisH1, Section3). This ne-
grainedquery expansionmechanismusesstatisticsfrom various
documentelds, suchasthetitle, the anchortext of theincoming
links, andthe body of documents.In TREC 2005, we applieda
uniform combinationof evidencefrom differentdocument elds
(QEFU)[10]. In TREC2006,we replacethis uniform combination
with amorere ned linear combinationof evidencefrom different
weighted elds (QEFL).

Our queryexpansionmechanisnon documentelds is built on
top of the Bol term weighting model[1], which is basedon the
Bose-Einsteirstatistics.Usingthis model,theweightof atermt in
theexp_doctop-ranked documentss given by:

Pn

W(t) = tfx log, 25" 4 Jog,(1+ Py) (14)

n
whereexp_docusuallyrangedrom 3to 10[1]. Anotherparameter
involvedin thequeryexpansiormechanisnis exp_ter m, thenum-
ber of termsextractedfrom the exp_doc top-ranked documents.
exp_ter m is usuallylargerthanexp_doc[1]. P, is givenby f,—; F
is thefrequeng of thetermin the collection,andN is the number
of documentsdn the collection; tf  is the frequeng of the query
termin theexp_doctop-ranled documents.

We extend the abore Bol term weighting model to deal with
documentelds by a linear combinationof the frequencieof the
querytermin different elds:

X
thx = wop (15)
f

We call the term weightingmodelin Equation(14), wheretf 4 is

givenby Equation(15), the BolFtermweightingmodel.In Equa-

tion (15),wqr is theweightof a eld f in theexp_doctop-ranied

documentswhichre ects therelativeimportanceof theassociated
eld in the top-ranked documents. tf s; is the frequeny of the

querytermin eld f of theexp_doctop-rankeddocuments.

Terrieremplogys a parametefree functionto determinegtw, the
querytermweightof aqueryterm,whichis givenasfollows:

qtf w(t)
tw = + = 16
q Otf max lime: «, w(t) (16)
= Fmax |og2 M + |ng(1 + Pn;max )
Pn;max

whereqtf isthequerytermfrequeny of termt, andqtf max isthe
maximumatf amongall the querytermsin the expandedquery;
lime, «, w(t) is the upperboundof w(t); Pnmax IS given by
F max=N, whereF max is theF valueof thetermwith the max-
imumw(t) in the exp_doctop-ranled documentslf a queryterm
doesnot appeain the mostinformative termsfrom thetop-ranked
documentsits querytermweightremainsequalto theoriginal one.
Theabove formulais parametefreein thesensehatthe parameter
in Rocchios queryexpansionfunction[24] hasbeenomitted.

Usinga eld-basedweightingmodel,e.g. PL2F (Equationg(1)
and(3)), togetherwith Bo1F, therearesix eld weightsinvolved,
namelytheweights(ws ) of thethreedocumentelds in theweight-
ing model,andthe weights(wg ) of the threedocumentelds in
BolF Sinceit would be very time-consumingo optimiseall of
thesesix eld weights,we malke the following assumptiongo re-
ducethenumberof eld weightsto two:

1. Foragiven eld f, weassumeahatw; = wg . Thisis rea-
sonablebecaus¢heweightof a eld re ectsthecontrikution
of the eld to the documentranking, which shouldbe con-
sistentin bothretrieval andqueryexpansion.

2. Following [10] and[23] , we settheweightof the body eld
to 1.

By makingtheabove two assumptionsye reducethe numberof
eld weightsfrom six to two, namelytheweightsof theanchortext
andtitle elds. In addition,we applythe simpli ed Normalisation
2FSin Equation(5), insteadof Normalisation2F in Equation(3),

sothatwe have only onec hyperparameter

In orderto trainthehyperparametec, the eld weights,andthe
parametersxp_docandexp_ter m, weadopttwo differenttraining
strat@ies. The rst trainingstratgy (T1) optimiseshe parameters
over all the 100 old topicsusedin the TREC 2004 and 2005 Ter
abyteAdhoctasks. The parametewraluesthat give the bestMAP
areused.Thesecondrainingstrategy (T2) splitsthesel00old top-
ics into two parts. Eachpart consistsof the 50 topicsusedin the
TREC20040r 2005TerabyteAdhoctask. T2 optimisegheparam-
etersover eachof the two partsof the old topics. The averageof
theoptimisedparametevaluesfor thetwo partsof theold topicsis
used.We expectT2 to resultin a betterretrieval performancehan
T1 becausd& 2 preventsthetraining processrom beingbiasedto-
wardsthe setof topicsthat performsbetter Indeed,onthe TREC
2005topicsit is easierto achieve high retrieval performancehan
for the TREC 2004topics.

3.1.2 Syntactically-basetlloiseReduction

Thissectiondescribesurtechniqudor reducingestimatedoise
from long queriesanddocumentsWe usepart-of-speecliPOS)n-
gramg[3, 7] to detectnoisein text.

POSn-gramsaren-grams(or blocks)of partsof speechwhich
areextractedfrom a POS-taggedentencén arecurrentandover
lappingway. For example,for a sentencd BCDEFG, whereparts
of speechare denotedby the single lettersA, B, C, D, E, F, G,
andwherePOSn-gramlengthl = 4, the POSn-gramsextracted
areABCD, BCDE, CDEF, andDEFG.Theorderin whichthePOS



NoiseReduction POSn-grams Reduction
extractedfrom
; 50 WT10G 47.229

N Ry uniform 10| .Gov2 63.130//5
N Ry: querylength 40 50 .GOv2

N Rq: querylength50 100 10 .GOv2 63.69%
N Rq: querylength> 100 5 .GOv2

N Rjindex 17,070 WT10G 9.39%

Table 1: Syntactically-basedNoise Reduction Settings. dis-
plays the value of the thresholdin the POS n-gram ranking
used.y and z denotereductionin query length (in tokens)and
in documentpointers in the postingslist, respectvely.

n-gramsoccurin the sentences ignored. For eachsentenceall
possiblePOSn-gramsareextracted.

Our techniqueis basedon the fact that high-frequeng POSn-
gramscorrespondnostly to sequencesf wordsthatincluderela-
tively little noise whereadow-frequeng POSh-gramscorrespond
mostlyto sequencesf wordsthatincluderelatively morenoise[7].
To testthe hypothesighat reducingnoisefrom text usingPOSn-
gramscan enhanceetrieval performancgH2, Section3), rstly
we reduceestimatednoisefrom long queriesin orderto enhance
retrieval performanceby providing more informative queries[9].
WerefertothisasN Rq. Secondlywe reduceestimatedoisefrom
thecollectionbeforeit is indexed,in orderto improve retrieval pre-
cision,atno detrimentakostto retrieval recall[8]. We referto this
asN R;. Theonly resourcesieededarea POStaggeranda col-
lection of documents.This canbeary collectionof documentof
areasonablsize[9], not necessarilghe collectionfrom which we
retrieve relevantdocuments.

Our methodologyis asfollows. We extract POSn-gramsfrom
a collectionof documentsand counttheir frequeny. We referto
thesePOSn-gramsasglobal POSn-grams We ranktheseglobal
POSn-gramsaccordingto their frequeng in the collection(in de-
creasingorder). We referto this ranked list asglobal list. We em-
pirically seta cutoff threshold of POSn-gramrankin the global
list andwe assumehateverythingbelow thisthresholdcorresponds
to estimatecdhoise (Figure1). We extract POSn-gramsfrom the
text we wish to processj.e. along query(for N Rq), or a docu-
mentfrom the collectionto be indexed (for N R;). For eachPOS
n-gramdrawn from thetext, we determindts positionin theglobal
list. Wheneerthisrankis belav thethresholdweremorethePOS
n-gramandits correspondingequencef wordsfrom thequeryor
thedocumentregardlesf arny otherPOSn-gramshatoverlapit.

mostfrequentPOSn-grams

rank1
§ threshold
)
o
T
@)
w
>
o )
2
rankn n

leastfrequentPOSn-grams
Figure 1: POSn-gramsranked by frequency

In NRq, we reduceestimatednoise from long queriesin two
ways: rstly , uniformly for all queries(N RqU); andsecondlyin-

dividually on a perquerybasis(N RqL). For NRqU, we usethe
samethreshold for all queries.For N RqL, we usedifferentval-
uesof accordingto querylength. The intuition behindvarying
noisereductionaccordingto querylengthis that the shorterthe
query thelessnoiseit is likely to contain. Thevaluesof accord-
ing to differentquerylengthsusedaredisplayedn Table1.

In NR; we reduceestimatedchoisefrom the index from which
relevant documentsare retrieved. Again, we setthe threshold ,
sothateverythingbelonv is considerechoisy andremoved. We
remore POSn-gramsin a uniform way, i.e. by setting to the
samevaluefor all documentgTablel).

After noise hasbeenreducedusing either of the noisereduc-
tion techniqueslescribedabore, we treatthe queryor index aswe
would normally treatthem. We usethe TreeTagge? for the POS
taggingof WT10G and.GOV2. The POSn-gramsextractedfrom
thesecollectionsprovide uswith two separateylobal lists of POS
n-grams. Overall we extract 25,070POS n-gramsfrom WT10G
and47,018POSn-gramsfrom .GOV2. We usethe POSn-grams
extractedfrom WT10Gor .GOV2 to reducenoisefrom thequeries,
andthe POSn-gramsextractedfrom WT10G to reducenoisefrom
theindex of .GOV2. We notethatthereis not muchdifferencein
the POSn-gramrankingbetweerthetwo collections.

3.1.3 Experiment@&ndResults

We submitted ve runsto the Adhoctask. The rst two submit-
tedrunstestthequeryexpansionrmechanisnon elds with two dif-
ferenttrainingstrateies,respectrely (asdescribedn Section3.1.1).
The third submittedrun teststhe query expansionmechanisnon

elds with the rst training stratgy (T1), aswell asnoisereduc-
tion from long queries.Thelasttwo submittedrunstestthe query
expansionmechanisnon the body of documentsonly, with noise
reductionfrom long queriesandtheindex. Our collective submit-
tedruns,andtheir salientfeaturesaresummarisedn Table2. The
parametewraluesusedin our submittedrunsaregivenin Table9.
A full descriptionof the submittedrunsfollows.

uogTBO6QET1lusesthe PL2FS weighting model with the
simpli ed Normalisation2FS; appliesquery expansionon
elds (QEFL) usingthe BolF term weighting model, with
trainingmethodT 1, on shortqueries.

uogTBO6QET2usesthe PL2FS weighting model with the
simpli ed Normalisation2FS; appliesquery expansionon
elds (QEFL) usingthe BolF term weighting model, with
trainingmethodT2, on shortqueries.

uogTB06S50luseshePL2FSweightingmodelwith thesim-
plied Normalisation2FS;appliesqueryexpansionon elds
(QEFL) usingtheBolFtermweightingmodel,with training
methodT 1, onlong queries;appliesuniform noisereduction
from the queries(N RqU), with POSn-gramsdravn from
WT10G,and = 50.

uogTB06SS10useghePL2weightingmodelwith Normal-
isation 2; appliesquery expansionon the documentqQE)
usingtheBoltermweightingmodel,onlongqueriesapplies
uniformnoisereductiorfrom thequerieN RqU), with POS
n-gramsdravn from .GOV2, and = 10; appliesnoisere-
ductionin theindex (N R;), with POSn-gramsdravn from
WT10G,and = 17;070.

uogTB06SSQlusesthe PL2 weightingmodelwith Normal-
isation 2; appliesquery expansionon the documentqQE)

3Details on the taggerparametersnd tagsetusedcan be found
in [7]



Run WeightingModel | Retrieval Features Settings Topic Fields
uogTBO6QETL1 | PL2FS(Eg.1& 5) | BolF(Eq.14 & 15) QEFL: Training T1 T
uogTBO6QET2 | PL2FS(Eg.1& 5) | BolF(Eq.14& 15) QEFL: Training T2 T
uogTBO6S50L | PL2FS(Eq.1& 5) | BolF(Eq.14 & 15),querynoisereduction | QEFL: TrainingT1,NRqU | TDN
uogTBO06SS10L| PL2(Eq.1& 4) Bol(Eq.14),query& index noisereduction | NRqU, NR U TDN
uogTBO6SSQL | PL2(Eq.1& 4) Bol(Eqg.14),query& index noisereduction| NRqL, NRiU TDN

Table 2: Salientfeaturesof submitted Adhoc runs.

using the Bol term weighting model, on long queries;ap-
plies noisereductionper query length (N RqL), with POS
blocksdravn from .GOV2. For queriesof lessthan40words

= 50; for queriesof 41 - 100words, = 10; for queries
of morethan100words, = 5 (seeTablel). Appliesnoise
reductionin theindex (N R;), with POSn-gramsdravn from
WT10G,and = 17;070.

For our queryexpansionrmechanisnon elds, Table3 compares
the useof the linear combinationof elds (QEFL) with the use
of the uniform combinationof elds (QEFU). The relatedaddi-
tional runs correspondingo training methodT1 (resp. T2) use
the sameparametewvaluesappliedin run uogTBO6QET1(resp.
uogTBO6QET2)(seeTable 9). In Table 3, we seethat the two
different training methodshave little impact on retrieval perfor
mance.Both trainingmethodgesultin similar MAP performances
for both QEFL and QEFU. Moreover, we obsere that QEFL out-
performsQEFU for both the 50 new topics,andall the 150topics
used. This indicatesthat our nenly proposedinear combination
of elds achievesa betterretrieval performancehanthe uniform
combinationof elds.

In Table4 we seethatreducingestimatechoisefrom thequeries
improvesretrieval performancecomparedo usingno noisereduc-
tion, without queryexpansion(top partof Table4, rst row). The
parametevaluesof therelatedadditionalrunsarethesameasthose
usedin run uogTB06S50L(seeTable 9). With query expansion
on the body of documentsonly, query noisereductionresultsin
slightly worseretrieval performancecomparedo usingqueryex-
pansionwithout noiseremoval (secondpartof Table4, rst row).
This couldbedueto thefactthatwe have trainedour queryexpan-
sionmechanisnon long queriesbeforenoisereduction,but noton
long queriesafter noisereduction. Querynoisereductionreduces
query length (from 47.22%to 63.69%, Table 1, column Reduc-

Training | QEFU | QEFL [ diff. (%) | p-value
50 New topics

T1 0.3220| 0.3459| +7.42 0.3396

T2 0.3248| 0.3456| +6.40 0.1549
All 150topics

T1 0.3335| 0.3558| +6.69 3.756e-04

T2 0.3338| 0.3594 | +7.67 9.001e-03

Table 3: MAP of the linear combination of elds vs. the uni-
form combination of elds. Title-only queries. The weight-
ing model used is PL2F, with BolF for query expansionon
elds. QEFL+T1 (resp. QEFL+T2) correspondsto our of cial
run uogTBO6QET1(resp. uogTBO6QET?2).Submitted runs are
in boldface. QEFU+T1 and QEFU+T2 are baselinesfor com-
parison with QEFL. p-valuesare computed by the Wilcoxon
matched-pairssigned-rankstest.

tion, markedy). Retrainingthe queryexpansionrmechanisnonthe
reducedjueriescouldprovide fairergroundsfor comparingthe ef-
fect of querynoisereductionwith queryexpansion.Additionally,
in Table4, we seeno markeddifferencebetweerusingquerynoise
reductionwith queryexpansiononthebodyof thedocumentsnly,
andusingquerynoisereductionwith queryexpansioronmoredoc-
ument elds. Finally, we obsere that remaving noise from the
index slightly damagedMAP. However, it appeargo bene t high-
precisionretrieval, asit providesthe 2ndhighestP @ 10scoreof all
of cial runsof all groups,namelyP@10= 0.6720.

3.2 NamedPageFinding Task

Theobjective of theNamedPageFindingtaskisto nd aparticu-
lar page givenatopicthatdescribest. A high precisiontasksuch
asthis canbene t from deplg/ing a eld-basedweightingmodel
thattakesinto accoundocumenstructure For TREC2006,wetest
modellingthe distribution of term occurrence$n documentelds
asamultinomialdistribution (hypothesidi3), usingour new multi-
nomial eld-basedDFRweightingmodel,ML2 (Section2.2,Equa-
tion (9)). Furthermorewe modelterm dependencand proxim-
ity (hypothesisH4) usingthe pBiL2 binomial model(Section2.3,
Equation(13)). Lastly, we investigatea novel approactfor com-

| NRq | NRi | Featuress MAP | P@10 | bPref |
none none 0.3355| 0.6240| 0.3772
U-WT10G none 0.3613| 0.6320| 0.4023
U-GOv2 none 0.3409| 0.6240| 0.3813
L-GOV2 none 0.3485| 0.6400| 0.3891
none none | QE 0.3966 | 0.6680| 0.4446
U-WT10G none | QE 0.3853| 0.6640 | 0.4399
U-GOv2 none | QE 0.3806| 0.6460 | 0.4325
L-GOV2 none | QE 0.3898| 0.6540| 0.4423
U-GOvV2 | WT10G | QE 0.3686| 0.6540| 0.4290
L-GOV2 | WT10G | QE 0.3728| 0.6720| 0.4404
none none | QEFL 0.3878| 0.6560| 0.4398
U-WT10G none | QEFL 0.3893| 0.6580| 0.4411
U-WT10G none | QEFL 0.3770| 0.6380| 0.4177
L-WT10G none | QEFL 0.3804| 0.6460 | 0.4257

Table 4: MAP, P@10, and bPref of Adhoc runs with Title +

Description + Narrati ve queries. The weighting model is PL2

(PL2F with elds) and Bol for query expansion (BolF with

elds). isour of cial submitted run uogTBO6S50L. is our

of cial submitted run uogTB06SS10L. isour of cial submit-

ted run uogTBO6SSQL.N Rq and N R; denotenoisereduction
in the query and the index, respectvely. U and L denote uni-

form noisereduction and reduction per query length, respec-
tively. QE is query expansionon body only (QE FL is query

expansionon elds). Submitted runs areshadedand bestscores
arein bold.



bining sourceof queryindependenévidence,in theform of prior
probabilities(hypothesisH5), which is describedn Section3.2.1.
We describeanddiscussour experimentakunsin Section3.2.2.

3.2.1 Query-Independeritrior Probabilities

Varioussourcesof query-independergvidence,in the form of
prior probabilities,have beenshavn to be importantfor Web IR
[6]. In this paperwe considerthefollowing threesourcef query
independengvidence: (i) the information-to-noiseatio of a doc-
ument [26], (ii) the staticabsorbingmodel[20], which is a way
of providing authorityto documentsn the basisof theirincoming
links, and(iii) thenumberof incominglinks to eachdocument(in-
links). Whenusing queryindependengvidencefor retrieval, the
relevancescoreof aretrieved document for a queryQ is altered
in orderto take the documenprior probabilityinto accountasfol-
lows:

score(d; Q) = score(d; Q) + log(P (E)) a7)

whereP (E) is theprior probability of thequeryindependensour-
ceof evidenceE in document.

However, it is not clearhow several documentpriors shouldbe
combinedin a principledway. In particular someprevious work
consideredhepriorsto beindependeni6], while otherhand-tuned
linearcombinationf priors[15]. Moreover, theindependencas-
sumptiondoesnot alwayshold: For example,considerthe absorb-
ing modelandinlinks priors - while both of thesepriorsincrease
retrieval accuray, they arelikely to be correlatedbecausea docu-
mentwith a high numberof inlinks is likely to have a high absorb-
ing modelscore.Therefore to combineseveral prior probabilities
in a principled manney we proposea novel combinationof prior
probabilities. The combinationof prior probabilitiesis givenby:

P(E1;E2) = P(E2jE1) P(E1) (18)

whereP (E 1) istheprior probabilityof thequeryindependengour-
ceof evidenceE; P(E2jE1) is the conditionalprobability of the
queryindependensourceof evidenceE 2, givenE1; P(E1; E2) is
the probabilitythatbothE; andE, occur[17]. Naturally, we can
canextendthis techniqueor morethantwo priors.
Whenusingthe combinationof prior probabilitiesdescribedn

Equation(18)for retrieval, thescoreof aretrieveddocumend for a
queryQ is altered,in orderto take thecombinedprior probabilities
into accountasfollows:

score(d; Q) = score(d; Q) + log(P (E1; E2)) (19)

3.2.2 ExperimentandResults

We submittecdthreerunsto the TREC2006NamedPageFinding
task. The rst run teststhe effectivenessof the nev ML2 eld-
basedDFR weightingmodel, describedn Section2.2. The sec-
ondrun teststhe effectivenessof the pBiL2 term dependencand
proximity model,describedn Section2.3. The third run teststhe
combinatiorof prior probabilitiesusingthesecondun asbaseline.
A full descriptionof the submittedrunsfollows:

uogTBO6Musegshemultinomial DFRweightingmodelML2.

uogTBO6MPalsouseghemultinomialDFRweightingmodel
ML2, andaddsthe term dependencand proximity model
pBiL2.

uogTBO6MPIAusesthe multinomial DFR weightingmodel
ML2 andthetermdependencandproximity modelpBilL2,
while also combininginformation-to-noiseratio and static
absorbingmodelprior probabilities.

After submittingtheabove of cial runs,wediscoveredthatwhen
we approximatedhe ML2 eld-basedweightingmodel,we used
the naturallogarithm, insteadof the correctlog in the Lanzcos
approximationof the function. We retrainedand repeatedhe
submittedrunswith the correctlogarithm. Table 10 givesthe pa-
rametersettingsappliedin thistask. Moreover, Table5 displaysthe
MeanReciprocalRank (MRR) of the of cial submittedruns,and
their replacementuns with the correctedlogarithm. In addition
to the runs submitted,we also experimentedwith using a differ-
ent eld-basedweightingmodel,namelyPL2F, aswell asapply-
ing eachof thethreesourcef queryindependenévidencealone,
(using Equation(17)), insteadof combinedas per Equations(18)
& (19).

Theconclusionsve draw from Table5 areasfollows. Firstly, re-
gardingour hypothesisH3, concerningmodellingthe distribution
of termoccurrencesn documentelds asa multinomial distribu-
tion, we obsere that ML2 (uogTB0O6M) performscomparablyto
PL2F (uogTBO6PL).This meansthat ML2 is not only an elegant
andtheoretically-sounehodel,but alsoareadilydeplo/ablemodel,
onaparwith existing state-of-the-areld-basedweightingmodels,
suchasPL2F despiteML2 emplo/ing lessparametershanPL2FE

Secondlymodellingtermproximity appearso assistheretrieval
process.n particular applyingproximity to our baselineof uog-
TBO6M and uogTBO6PLincreasedMRR (seeuogTBO6MPwith
MRR 0.466anduogTB06PLRvith MRR 0.478respectrely). This
validatesour hypothesidH4 on the usefulnes®f term dependence
andproximity in the NamedPageFindingtask.

Thirdly, regardingthe applicationof prior evidence,we seethat
all threepriors appliedalone- namelyinformation-to-noise ab-
sorbingmodelandinlinks - decreas@erformanceomparedo the
baselinglcomparinguogTB06MI,uogTBO6MA anduogTBO6ML
to uogTBO6Mrespectiely). However, regardinghypothesidd5 on
the combinationof query-independerdvidence,we obsenre that
retrieval performancecan be improved if we chooseappropriate
documentpriors (uogTBO6MIL). In particular MRR is improved
over the useof no priors (uLogTB06M),aswell asover the useof
ary singleprior alone(uogTB0O6MIor uogTBO6ML).

Lastly, usingbothterm proximity andthe appropriatedocument
priors, we seethat retrieval performances againenhancedom-
paredto the baselineandthe combinationof priors. In particular
the unofcial runuogTBO6MPILachievesa 5% increasén MRR
over our bestsubmittedrun (uogTBO6MP).

3.3 Terabyte Track Conclusions

In the 2006 TerabyteTrack, we participatedin the Adhoc and
NamedPageFinding tasks. We extendedour modularTerrier re-
trieval platform, andtestedthe following hypothesesFor the Ad-
hoctask,we hypothesisedhat, for queryexpansionon document

elds, thelinearcombinationof elds canprovide betterretrieval
performancethantheuniformcombinatiorof elds. Wetestedhis
hypothesiswith shortqueries(Section3.1.3, Table 3), andfound
it to be valid. For the sametask, we hypothesisedhat low fre-
queng part-of-speecim-gramsfoundin text, corresponanostlyto
noise,which if remored, canenhanceetrieval performance.We
testedthis hypothesison long queriesand on the test collection
to be indexed, andfound it to be valid when query expansionis
not applied(Section3.1.3, Table4). Queryexpansioncombined
with noisereductionleadto a small deteriorationin retrieval per

formance,which could be dueto the effect of noisereductionon
querylength(for noisereductionfrom thequeries).For theNamed
PageFindingtask,wetestedhehypothesethat: (i) modellingin a
re ned way thedistribution of termoccurrences documentelds,

namelyasa multinomial distribution, is a theoretically-soundnd



[ RunName [ Submitted] Correctedog |
| Weightingmodelonly |
uogTBO6M 0.448 | 0.449

uogTBO6PL 0.454
| Proximity |
uogTBO6MP 0.466 | 0.467
uogTBO6PLP 0.478
| SinglePriors |
uogTBO6MI 0.440
uogTBO6MA 0.431
uogTBO6ML 0.422
| CombinedPriors |
uogTBOEMIA 0.413
uogTBO6MIL 0.465
| Proximity + Priors |
uogTBO6MPIA 0.463 | 0.454
uogTBO6MPIL 0.489
best 0.7779
median 0.3706

Table5: MRR of the Named Pageruns. Submittedare the of -
cial submitted runs. Correctedlog are the sameruns, using the
correct logarithm function. The eld-based weighting models
usedare ML2 (denotedby M), and PL2F (denotedby PL).
Term dependenceand proximity is denotedby P. |, A and L
denotethe priors of information-to-noise ratio, static absorb-
ing model and inlinks, respectvely. bestand medianare the
bestand medianruns submitted amongall participants, respec-
tively. Submitted runs are shaded.Our bestrun isin boldface.

robust approachwhich performscomparablyto other eld-based
weightingmodels;(ii) modellingthe dependencandproximity of
querytermsin documentsanenhanceetrieval performance(iii)
using a conditionalcombinationof multiple sourcesof queryin-
dependengévidence,in theform of prior probabilitiescanimprove
retrieval performancegver usinga singlesourceof suchevidence.
We found hypothesegi) and (ii) to bevalid (Section3.2.2, Table
5), while furtherwork is neededo establishthe bestcombination
of priors.

4. ENTERPRISE TRACK

In TREC 2006, we participatein the Expert Searchtask of the
Enterprisetrack, wherewe aim to develop and experimentusing
our novel voting modelfor ExpertSearch[14]. Firstly, a setof
documentss associateavith eachcandidateo representhecandi-
dates expertiseto the system.Thenour voting modelconsiderghe
rankingof documentsvith respecto thequery in orderto generate
anaccurateankingof candidatesFor TREC2006,we experiment
to validatethefollowing hypotheses:

1. Candidatd_engthNormalisation:the pro les of candidates
canbe of variouslengths. We hypothesiseéhat our voting
modelrequiresto accountfor candidatepro les of varying
lengths.

2. DocumentRanking: in our voting model, we hypothesise
thattheaccurag of thecandidateankingmodeldepend®n
the extent to which documentgetrieved by the underlying
documentankingrepresentshetopic.

To validateour two hypothesesour researchs directedin two
areas: rstly , we proposeandintegrateinto the voting modelanev
theoretically-dwen way of combiningdocumentvotesfor candi-
datesthataccountdor the lengthof eachcandidates pro le; sec-
ondly, to testour documentranking hypothesiswe emplo/ three
techniqguespamely (i) the useof a eld-basedweighting model;
(i) queryexpansion;and(iii) thetermdependencand proximity
model. Thesetechniqueshouldincreasethe quality of the docu-
mentranking,andwe hypothesisahatthe accurag of the gener
atedcandidateankingwill alsobeincreased.

Theremaindenof thissectionis asfollows: Sectiord.1describes
our voting approachfor ExpertSearch;Section4.2 discusseshe
needfor candidatepro le lengthnormalisationin ExpertSearch;
Section4.3 describeshe effect of the documentranking in the
voting approachand de nes techniquesvhich can be appliedto
increasethe quality of the documentranking. In Section4.4, we
presentheexperimentaketupfor our runs. We discusghe submit-
tedrunsandtheirresultsin Sectiord4.5. We presentdditionalruns
in Section4.6,andgive someclosingcommentsn Section4.7.

4.1 Voting Approachesfor Expert Search

Our newly-proposedapproachmodelsExpertSearchasavoting
procesq14]. In our model,a candidates expertiseis represented
by apro le, whichis asetof document@associateavith eachcan-
didate to representhatcandidates expertise.

In our voting modelfor ExpertSearchjnsteadof directly rank-
ing candidatesye considertherankingof documentswith respect
to thequeryQ, whichwe denoteR (Q). We proposethatthe rank-
ing of candidatexan be modelledas a voting processfrom the
retrieved documentsn R(Q) to the pro les of candidatesevery
time a documentis retrieved andis associatedvith a candidate,
thenthis is a vote for that candidateto have relevant expertiseto
Q. Thevotesfor eachcandidatearethenappropriatelyaggrgated
to form arankingof candidatestakinginto accounthe numberof
voting documentdor thatcandidateandtherelevancescoreof the
voting documentsOur voting modelis extensibleandgeneraland
is not collectionor topicsdependent.

In [14], we de ned eleven voting techniquesfor aggreating
votesfor candidatesadaptedrom existing datafusiontechniques.
For TREC2006,we experimentusingtwo votingtechniquespamely
CombSUM and expCombMNZ. For CombSUM, the scoreof a
candidateC's expertiseto aqueryQ is givenby:

SCOfe_CE;Pdc ombs um (C; Q) =

score(d; Q) (20)
d2 R(Q)\ profile(C)

wherescore(d; Q) is thescoreof document in theinitial ranking
of documentsR(Q), asgiven by a suitabledocumentweighting
model. In all our runs,we usethe DFR InL2 documentwveighting
model,or its eld-basedvariantInL2F to generatescore(d; Q) -
seeEquationg2), (3) & (4).

Secondly we apply the expCombMNZ voting technique. For
expCombMNZ thescoreof acandidateC's expertiseto aqueryQ
is givenby:

score_candexpc ombM Nz (C;g) = kR(Q)\ profile(C)k
exp(score(d; Q)) (21)
d2 R(Q)\ profile(C)

wherekR(Q) \ profil e(C)k is the numberof documentfrom
thepro le of candidateC thatarein therankingR(Q). In thenext
sectionweintroduceour candidatdengthnormalisatiortechnique
which canbeappliedto eitherthevoting techniques.



4.2 Candidate Length Normalisation for Ex-
pert Seaich Voting approach

Documentengthnormalisatiorhasbeenstudiedin IR for some
time, in orderto fairly retrieve documentsf all lengths. State-of-
the-artdocumentweighting models,suchas BM25 [22] or those
from the DFR framework (for instancePL2 or InL2) [1], all in-
clude documentength normalisationcomponents.This normali-
sationcomponenpreventslong documentgrom gaininganunfair
adwantagein the documentranking. However, our voting model
may be susceptibleo favouringcandidatesvhich have alargepro-
le: considera candidatewith mary associatedlocumentsn its
pro le - this candidatehasa higherchanceof achieving a vote at
randomfrom thedocumentanking,thananotheicandidatehathas
asmallerpro le with fewer associatedlocuments.Hencewe hy-
pothesisehatwe shouldaccounfor candidatdengthin ourmodel,
sothatcandidate®f all lengthsareretrievedfairly.

For TREC 2006, we extend our modelto introducea new tech-
nigue that explicitly accountsfor candidatepro le length while
ranking candidates.We supplement voting technique(denoted
M), by addinga candidatdength normalisation. This normalisa-
tion is an adaptionof Normalisation2 from the DFR framewvork
- seeEquation(4). Normalisation2 is usedto control ary bias
towardscandidatewith longerpro le lengths. The combination
of atechniqueM with candidatdength normalisationis denoted
MNorm2, andis calculatedasfollows:

score_candu nor m2(C; Q) = score_candw (C; Q)

D) (o> 0)  (22)
wherelc isthenumberin tokensin all thedocumentdelongingto
the pro le of candidateC, andavg_len_pro is the averagelength
of all candidatepro les, in tokens.cyr o is ahyperparameterused
to controlthein uence of normalisation.For TREC2006 we test
the use of candidatelength normalisationwith both CombSUM
andexpCombMNZ,denotechy CombSUMNormZandexpComb-
MNZNorm2 respectiely.

4.3 Effect of the DocumentRanking

In our voting approach,the quality of the documentranking
R(Q) directly affects how well the approachperforms. We hy-
pothesisehatif we areableto producea documentrankingwith
mary on-topicdocumentst thetop of thedocumentanking,then
we areableto accuratelyconvert the rankingof documentsnto an
effective ranking of candidates.In TREC 2006, we testthis hy-
pothesispusingthreeretrieval techniquedo increasehe quality of
thedocumentanking.

Firstly, we know thattaking into accountthe structureof docu-
mentscanallow increasegrecisionfor documentetrieval, partic-
ularly onthe W3C collection[12]. Hence,we applya eld-based
weightingmodelfrom the DFR framework, to take a morere ned
accounbf eachdocumenteld into accountwhenrankingthedoc-
uments. Namely we experimentwith applyingthe InL2F eld-
basedveightingmodel(seeEquationg2) & (3)). Usingthisshould
increasethe numberof on-topicdocumentsat the top of the doc-
umentranking, comparedo usingthe InL2 model (Equations(2)
& (4)).

Secondlywe usethe novel informationtheoreticmodel, based
ontheDFR framework, for incorporatinghedependencandprox-
imity of the querytermsin the documentsas describedin Sec-
tion 2.3. We apply the term dependencand proximity modelto
improve the numberof on-topicdocumentsat the top of the doc-
umentranking, as we believe that on-topic documentswill have
term-dependencidsetweenqueryterms,and by modellingthese,
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we canbring theseto the top of the documentanking. In particu-
lar, we usethe pInL2 termdependencandproximity model- see
Equation(12).

Thirdly, we investigatethe useof queryexpansion(QE) in the
expert searchsetting. We assumethat the top-ranked documents
in the documentranking are on-topicto the expertisequery By
performingqueryexpansiorusingthesetop-ranleddocumentsye
aim to bring more on-topic documentsinto the documentrank-
ing [13].

Queryexpansionis appliedusingBo1 (Equation(14)) to weight
termsfrom the top exp_doc ranked documentsn R(Q). For Bo1l,
tf x is thetermfrequeng of termt in thetop exp_docrankeddoc-
uments. The exp_ter m top-ranked termsarethenaddedto query
Q andthedocumentankingR (Q) regeneratedWe usethedefault
settingsof exp_term = 10andexp_doc= 3 [1].

4.4 Experimental Setup

Weindex the W3C collectionusingthe TerrierIR platform[16],
by remaving standardstopwordsandapplyingPorters weakstem-
ming. Only documentswhich were associatedvith at leastone
candidatewere indexed, which leaves only 52,129documentsn
theindex. We alsoindex the anchortext of incoming hyperlinks
from theentireW3C collectionandaddtheseto thedocuments.

We usedtwo techniquego identify documentsrom the W3C
collectionto associatevith candidateso represeneachcandidates
expertise. As describedfor the Occurrencespro le setsof our
TREC 2005 participation[10], we generatequerieswhich were
usedto identify documentghat mentionedeachcandidatebased
ontheoccurrencesf variationsof the candidates nameandemail
addressn thecollection. Thesedocumentgorm theOccurrencesA
pro le setof eachcandidate.All our of cial runsusethis pro le
set.

Secondly we usethe Unix grep commandto identify docu-
mentsfrom the collectionwhich containanexactmatchof thecan-
didates full name.Eachmatchingdocumenis addedto the candi-
dates pro le, to form their OccurencesBpro le set. On average,
it appearedhatthe OccurrencesBro le set nds moredocuments
for eachcandidatehanOccurrencesAWe notethatthisis counter
intuitive, asOccurrencesBhouldbe a subsebf OccurrencesAso
we theorisethat a bug affectedthe creationof Occurrencesor
TREC 2005. OccurrencesBs createdusing a simpler approach,
thanOccurrencesA.

All our experimentswere performedusing Terrier We trained
usingthe50 TREC2005Enterprisdrackqueries.Ouroptimisation
systenusessimulatedannealingorocesset nd settingsfor cand
Cor o thatmaximisemeanaverageprecision(MAP). Tablel1 details
theparametevaluesusedfor theExpertSearcttaskin TREC2006.

4.5 Experimentsand Results

We submitted4 runsto the ExpertSearchtaskof the Enterprise
track,which testour two hypotheses$or thistask. All of cial runs
usedthe OccurrencesAro le setsto representhe candidateex-
pertise,and only the title eld of the topics. The rst threeruns
testour candidatdengthnormalisatiortechnique.Moreover, they
eachtesta differentway of increasingthe topicality of the docu-
mentranking. The fourth run is a baselinerun. More speci cally,
we submittedthe following runs:

uogX06csnPgenerates documentranking using the InL2
documentveightingmodel,andappliesour CombSUMNorm2
expertsearchechniquealescribedibose. Moreover, theplnL2
termdependencandproximity modelis appliedto increase
the topicality of the documentranking. This run teststhe
candidatdengthnormalisatiortechniqueandusestermde-



RunName MAP bPref P@10
Best 0.7507 0.7542 -
Median 0.3412 0.3602 -
uogX06csnP 0.2881 0.3120 0.4510
uogX06csnQE | 0.3024 0.3292 0.4429

uogX06csnQEF 0.3011 0.3208 0.4551

uogX06ecm 0.2685 0.2991 0.4143
uogX06csn 0.2784 0.3222 0.4224
uogX06csnF 0.2830 0.3195 0.4306

Table 7: The meanaverageprecision(MAP), binary preference
(bPref), and precisionat 10 (P@10)of our submitted runs, as
well as that achieved by all participants, and two additional

runs. P@210achieved by all participants is not available. All

runs usethe OccurrencesApro le sets,and title only topics.

pendencéo testthedocumentankinghypothesis.

uogX06csnQRalsoappliesinL2 andCombSUMNorm2put
appliesqueryexpansionusingBol to increasehe topicality
of the documentranking. This run alsoteststhe candidate
lengthnormalisationtechnique but usesQE to testthe doc-
umentrankinghypothesis.

uogX06csnQEHs similar to uogX06csnQEbut insteadthe
documentankingtakesdocumenstructureinto accountpy
usingthe eld-basedInL2F weightingmodel. This runtests
the candidatelength normalisationtechnique,and also ap-
plies elds andQE to testthedocumentankinghypothesis.

uogX06ecnmusegheexpCombMNZexpertsearchtechnique,
which appliesno candidatdengthnormalisation.

Table6 summarieghe salientfeaturesof eachsubmittedrun, and
someadditional runs that we will describein Section4.6. Ta-
ble 7 shaws the resultsof the submittedruns, in termsof Mean
AveragePrecision(MAP), binary PreferencébPref)andPrecision
at 10 (P@10). We also shav the overall bestand medianruns
achieved acrossall participants,as well astwo additionalbase-
line runs,namelyuogX06csnanduogX06csnFuogX06csnis the
baselinerun usingInL2 andCombSUMNorm2uogX06csnFuses
InL2F andCombSUMNorm2.

Addingtermdependenct thebaselineun (uogX06csrvsuog-
X06csnP)increasesetrieval performanceasdo elds (uogX06-
csnF).n particular addingQE (uogX06csrvs uogX06csnQEpro-
videsthe bestsubmittedrun. Note thatusingQE and elds (uog-
X06csnQEF)doesnot increaseMAP or bPrefwhencomparedo
QE alone(uogX06csnQE)thoughPrecisionat 10is improved.

4.6 Additional Runs

As explainedin Section4.4, it appearghat our OccurrencesA
candidatepro le setswas affectedby a bug, anddid not contain
asmuchexpertiseevidencefor eachcandidateasOccurrencesB
normally OccurrencesBvould be expectedto be a subsetof Oc-
currencesA.

For ouradditionalruns,we useonly the OccurrencesBandidate
pro le sets,and perform a selectionof runs using this, to allow
usto drav rm conclusionsgspeciallyconcerningthe usefulness
of candidatdengthnormalisation. We also experimentacrossall
threetopic lengths. The salientfeaturesof the additionalrunsare
alsoshavn in Table6.

The resultsin termsof MAP areshavn in Table8*. Fromthe
shavn results,we can seethat our MAP is markedly improved

“Notethatall runsusingOccurrencesBveremadeusinga full in-
dex of all 331,037documentsn the W3C collection. This should

MAP
RunName T ™D TDN
uogXxo6cs 0.5319 0.5409 0.5491
uogXx06csQE 0.5458 0.5435 0.5637
uogX06¢sF 0.5508 0.5394 0.5155
uogX06csQEF 0.5512 0.5564 0.5420
uogXxo6csn 0.4647 0.4747 0.4805
uogXx06csnQE 0.4813 0.4842 0.4983
uogX06¢csnF 0.4994 0.5302 0.5115
uogX06csnQEF | 0.5357 0.5405 0.5366
uogX06ecm 0.5430 0.5567 0.5746
uogX06ecmQE | 0.5611 0.5511 0.5733
uogX06ecmF 0.5663 0.5628 0.5552
uogX06ecmQEF | 0.5595 0.5634 0.5663
uogX06ecmn 0.5157 0.5264 0.5446
uogX06ecmnQE | 0.5395 0.5337 0.5489
uogX06ecmnF 0.5469 0.5442 0.5285
uogX06ecmnQEHR 0.5524 0.5595 0.5510
(Averages) 0.5341 0.5380 0.5400

Table 8: The mean average precision (MAP) of a selectionof
additional runs using the OccurrencesBcandidate pro les set,
acrossall thr eetopic lengths.

by using the OccurencesBcandidategro les set, comparedto
the submittedrunsin Table 7. In particular the performanceof
uogX06csrjumpsto MAP 0.4647usingshorttopics,anduogXx06-
ecmto 0.5430. Applying either QE or elds to either baseline
resultsin an improvementin termsof MAP. For example, com-
paringuogX06csrwith uogX06csnQEpogX06csnwith uogX06-
csnF;anduogX06ecmwith uogX06ecmQEIn eachcase,apply-
ing a techniqueresultedin an increasein MAP, which validates
our documentranking hypothesis. Moreover, in most cases.ap-
plying two techniquesn runsuogX06csQEFRu0gX06csnQEFand
uogX06ecmnQEHmmpravesover applyingeitherQEor elds alone
(theexceptionshereareuogX06ecmQEBnshortandlongqueries,
anduogX06csQEFon long queries). This appeardo validateour
documentranking hypothesis. Furtherimprovementsare obtain-
ableif theexp_docandexp_ter m parameterarevaried[13].

Next, we examinethe usefulnesof candidatdength normali-
sation. ComparinguogX06cswith uogX06csn,and uogXx06ecm
with uogX06ecmnshawvs adecreasén MAP acrossll threetopic
types.This is mirroredacrossotherruns- for instancecomparing
uogX06csQERvith uogX06csnQERNote however thatdecreases
in MAP arelessmarkedwhenapplyingQE and elds.

ComparingCombSUMandexpCombMNZ,we canseethatexp-
CombMNZ s at leastasgood as, and usually betterthan Comb-
SUM. This mirrorsour evaluationusingTREC 2005data[14].

Finally, we examinethe effect of topic lengthon MAP. On aver-
age,usingtitle descriptiorandnarratve topic elds (TDN) is better
thantitle anddescription(TD), which is betterthantitle only (T).
However, the mamgins betweertopic typesare very narrav, Sono
solid conclusionsanbedravn.

4.7 Expert Search Task Conclusions

Overall,we demonstratethatour expertsearchmodelperforms
in astablemanner

With regardto our rst hypothesiswe requirefurtherresearcho
establisithe usefulnes®f candidatdengthnormalisatiorin expert
search.Candidatdengthnormalisatiordid not appeato be useful

have little effect on the results,asunassociatedocumentsarenot
consideredy thevoting techniquedor rankingthe experts.



RunName WeightingModel OtherRetrieval Techniques Voting Approach TopicsFields
Submitted
uogX06csnP InL2 (Egs.(2)&(4)) | TermDependencelnlL2 (Egs.(12)&(4)) | CombSUMNorm2 T
uogXx06csnQE InL2 QueryExpansion CombSUMNorm2 T
uogX06csnQEF | InL2F (Egs.(2)&(3)) | QueryExpansion CombSUMNorm2 T
uogXx06ecm InL2 - expCombMNZ T
Additional
uogXo06cs InL2 - CombSUM -
uogX06csQE InL2 QueryExpansion CombSUM -
uogX06csQEF InL2F QueryExpansion CombSUM -
uogX06csk InL2F - CombSUM -
uogX06csnF InL2F - CombSUMNorm2 -
uogX06ecmQE InL2 QueryExpansion expCombMNZ -
uogX06ecmF InL2F - expCombMNZ -
uogX06ecmQEF InL2F QueryExpansion expCombMNZ -
uogX06ecmn InL2 - expCombMNZNorm2 -
uogX06ecmnQE InL2 QueryExpansion expCombMNZNorm2 -
uogX06ecmnF InL2F - expCombMNZNorm2 -
uogX06ecmnQER InL2F QueryExpansion expCombMNZNorm2 -

Table 6: Salientfeaturesof submitted and additional runs of the expert search task of the Enterprise track.

onthe OccurrencesBet. Furtherexperimentatiorusingadditional
candidatepro le setswould provide solid conclusions.

With regardto our documentranking hypothesisthis seemso
bevalidated becauseapplyingknown techniquesor increasinghe
quality of the documentranking were shawn to increasethe re-
trieval performanceof therankingof candidatesMoreover, onthe
OccurrencesBandidatepro le sets,applyingmorethanonetech-
nigue( elds andqueryexpansion)esultedin aimprovementover
eithertechniguealonein mostcases.

Our resultsshav that the exact techniqueappliedto associate
documentdo candidateto representheir expertisehasa marked
effect on the retrieval performanceof the system. Choosingthe
correctcandidatepro le setresultsin amarkedincreasen perfor
manceof our expertsearchsystemcomparedo our submittedrun,
andthe medianrun of all participants.

5. CONCLUSIONS

In TREC 2006, we patrticipatedin the Adhoc and NamedPage
Finding tasksof the Terabytetrack, andthe ExpertSearchtaskof
the Enterprisdrack. Having sucha variety of retrieval tasksto ad-
dressrangingfrom classicaladhocretrieval, to enterprise-oriented
expert seach,we focussedon devising new, theoretically-dien,
and effective weightingmodelsandretrieval boostingtechniques,
which would be genericenough so asto be easilyandeffectively
appliedin asmary retrieval tasksaspossible.Speci cally, we ex-
tendedour Terrier InformationRetrieval platformto accommodate
two new DivergenceFrom RandomneséDFR) weightingmodels,
which combineevidenceon documentstructureand captureterm
dependencand proximity, respectiely. We usedthesemodelsin
the Terabyteand the Enterprisetracks,and found themto be ef-
fective. Additionally, we presented new queryexpansionmech-
anismon elds, which successfullicombinesevidencein alinear,
ratherthanuniform way anda novel syntactically-basedoisere-
ductiontechniquefor long queriesandtheindex. We presentedh
new theoretically-diwenway of combiningqueryindependengvi-
dencejn theform of prior probabilities which we testedn Named
Page Finding. In the Expert Searchtask, we further enhanced
our understandingf our model for expert search,and through

experimentation,generatedsomevery promisingresults. Over

all, our participationin TREC 2006includespartsof our ongoing
researchin weighting modelsand retrieval performanceenhanc-
ing techniqueswhich areeffectively combinedaspartof the DFR

frameawork, and easily implementedin our Terrier retrieval plat-

form. The goodresultsreportedin our participationpave the way

for furtherresearch.
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